Abstract. Under the perspectives of network science and systems biology, the characterizations of transcriptional regulatory networks (TRNs) beyond the context of model organisms have been studied extensively. However, little is still known about the structure and functionality of TRNs that control metabolic physiological processes. In this study, we present a newly version of the TRN of E.coli controlling metabolism based on functional annotations from GeneProtEC and Gene Ontology (GO). We also present an exhaustive topological analysis of the metabolic transcriptional regulatory network (MTRN), focusing on the main statistical characterization describing the topological structure and the comparison with TRN. From the results in this paper we infer that TRN and MTRN have very similar characteristic distribution.
Introduction
Transcriptional regulation is one of the most important mechanisms in the control of gene expression. The differential gene expression in space and time are of critical importance to many biological processes at a system level [1] . Thus, the comprehension of transcriptional regulatory mechanism is a central topic in systems biology [2, 3] . In particular, viewing the system as a network has revealed as a powerful approach that allows elucidating its components and their dynamic interplay in order to understand the functioning of the system as a whole. A transcriptional regulatory network (TRN) model represents the molecular regulation process by which genes regulate transcription of other genes. A gene X directly regulates a gene Y, if protein that is encoded by X is a transcriptional factor for Y. In TRNs transcriptional regulator coding genes and target genes are represented as nodes, and the interactions between them are indicated as links [4] [5] [6] .
The study of TRN models has drawn much attention in the last few years because it can provide insights into the topology and function of transcriptional regulation of cellular responses to environmental changes [5, [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] . However, surprisingly little is known about the TRNs that control different aspects of systems physiology, such as metabolism. The metabolic transcriptional regulatory network (MTRN) has been reconstructed by an integrated model of metabolism and its transcriptional regulation using the constraint-based [21] and flux balance [22] approaches. These approaches have been applied to make predictions of growth phenotypes and qualitative gene expression changes in E. coli [23] . However, MTRNs reconstructed by these methods are often far from complete. Here, we have extracted metabolic functional genes and all the genes regulating them from TRN to reconstruct the MTRN. The scale of new TRN is far greater than the previous ones. This approach also can be used to other sets of genes, such as those involved in different aspects of systems physiology.
To illustrate the commonalities and differences between TRN and MTRN, we analyse the topological features of them with three widely-used criteria: degree, betweenness and clustering coefficient [24] . On the basis of our results, we find that the topological structure of TRN and MTRN are very similar, although the number of nodes and links is diverse.
Materials and methods
Construction of the TRN of E. coli. E. coli is considered the most complete available prokaryotic and the TRN of E. coli is the best characterized of all prokaryotic organisms. To extract the gene-gene transcriptional regulatory relationships (reconstruct the TRN), three files with data TGinteraction.txt (4,005 interactions between TFs and regulated genes), TFinteraction.txt (387 interactions between TFs and regulated TFs-encoding genes) and TFconformation.txt (relationships between TF and its coded gene) were downloaded from the RegulonDB database [25, 26] , Version 7.5, updated August 29, 2012. Next, we merge with two interaction files and replace TF with its coded gene. To assemble an integrated network, if a heteromeric TF A encoded by gene B and C, regulating gene E and F, then, also the interactions B-E, B-F and C-E, C-F are represented. Removing duplicate interactions, the resulting TRN is shown in Table 1 . Nodes in this network correspond to genes while the regulatory interactions between them are represented by directed links.
Extract of metabolism functional subnet. Each gene in TRN has been annotated with its corresponding functional class according to Monica Riley's MultiFun system, available via the GeneProtEC database [27] . In order to research the metabolism functional modular structure of TRN. We downloaded the databases GeneProtEC, update August 28th, 2007 and Gene Ontology (GO) [28] , renew September 12th 2012 from the Internet. For the GeneProtEC database, we have extracted the gene functional annotations from three files: MultiFun.txt (a cell function assignment schema), genenum.txt (correspondences between gene and Blattner number [29] ) and multifunassignments.txt (functional annotation assignments for Blattner number). On the basis of these files, 1498 TRN nodes were distributed into 4903 functional annotations.
For the database GO, the gene functional annotations were extracted from three files called Goannotation.txt (correspondences between genes and GO terms), MultiFun2GO.txt (mapping of MultiFun functional annotations to GO terms) and GenProtEC2GO.txt (mapping of GenProtEC functional annotations to GO terms). Correspondences between functional annotations and GO terms in MultiFun2GO.txt were supplemented by GenProtEC2GO.txt. Then, we quantify the functional similarity, using G-SESAME [30] , between 857 GO terms in new MultiFun2GO.txt and 1519 GO terms in Goannotation.txt (exclusiving GO terms in new MultiFun2GO.txt). The most similar GO terms were considered to have the same functional annotations in MultiFun2GO.txt. We removed GO terms without experimental or computational evidence in Goannotation.txt, then, mapped them to functional annotations according to the supplemented MultiFun2GO.txt. In this way, we obtained 5228 functional annotations of 1272 TRN nodes.
GeneProtEC and GO functional annotations have been combined into one, involving 6788 functional annotations and 1640 TRN nodes. Next, we assembled metabolism functional subnet using metabolism gene extracted from the combined functional annotations and all the corresponding genes regulatory them from TRN. Some summary statistics for the resulting network is shown in Table 1 . In contrast, the constraints-based metabolic transcriptional regulation model only accounts for 149 genes and 113 reactions [23] . 
Results and discussion
After building the TRN and MTRN, a statistical analysis of the node degree, shortest path betweenness and clustering coefficient is considered in each network. The degree of a node is the number of edges incident to the node. The shortest path betweenness is the number of the shortest paths crossing links. The clustering coefficient of a node is defined as the probability that two Applied Mechanics and Materials Vol. 461neighbors of the node are themselves connected. A network is formally represented by G = (V, E), consisting of a set V of N V nodes and a set E of N E links. In most cases, a network is represented by its adjacency matrix A, with entries A ij =1 indicating that there exists an edge between vertex n i and n j , and A ij =0 otherwise. For directed networks, the adjacency matrix is unsymmetrical.
Degree distributions. The degree is one of the most important characteristic of a node, defined as the number of links adjacent to the node [31] . Based on the degree of the nodes, it is possible to export many measurements for the network. For directed networks there are output degree k out and input degree k in . The total degree ki of a node n i can be computed by the sum of them, i.e., k=k in +k out . The degree distribution P(k), defined as the fraction of nodes in the network with degree k, is one of the key discoveries in complex network theory describing the probability of a node having the specified degree. The distribution p(k) of many real networks approximately follows a power law p(k)∼k −γ , where γ denotes the degree exponent. The cumulative degree distribution p c (k) is a more reliable numerical estimation, defined as the probability that a randomly chosen node has a degree larger than k. The cumulative degree distribution p c (k) is a monotonously decreasing function of k. To comparing, a subnet was extracted from TRN randomly, in which the number of nodes equal to the MTRN. The input and output degree distributions and cumulative degree distributions of TRN and MTRN are shown in Figure 1 , respectively. As seen in Figures, input and output degree distributions show a power law for both networks. Like many real networks, both TRN and MTRN degree distributions show a scale-free behaviour [31] , which the vast majority of nodes are connected only a few links and minority of nodes are highly connected.The distribution curves shape of TRN and MTRN are more similar then the random subnet. The MTRN shows the same highly heterogeneous degree distribution found for TRN, although the number of nodes and links included in them is very different. This means that the vast majority of genes only interact with a few other genes, while there is a small but statistically significant number of genes that interact with hundreds of genes. Shortest path betweenness. Shortest path betweenness was applied to many networks [32] . It could expose the most representative topological characteristic in regard to the biological significance of distinct elements. In a network consisting of nodes n, the shortest path from node n i to node n j is the minimal number of links that need to be passed. On account of the information flow in the network can be evaluated by measuring theirs among links, the shortest paths can be used to measure the topological properties of a network component. There are several different paths with the same path length. For directed networks, the shortest path between two nodes n i to n j is usually inequality. If there is not a path that connects vertex n i to n j , the shortest path between them is infinite. The average path length of a network is defined as the average distance between all pairs of nodes. The betweenness of a link l is defined as the number of shortest paths between pairs of nodes that run through l. The betweenness and cumulative betweenness distributions of TRN and MTRN are shown in Figure 2 , respectively. The cumulative betweenness distribution curves shape of TRN and MTRN are more similar then the random subnet. The MTRN shows the same highly heterogeneous cumulative betweenness distribution found for TRN, although the number of links included in them is very different.
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Advances in Bionic Engineering Clustering coefficient. The clustering coefficient defined for every node i is a local measure expressing the tendency of the network nodes to make up local interconnected groups. It is defined as C i = 2e i /n i (n i −1), where n i is the number of neighbours of i and e i is the number of links among all neighbors of i in network [33] . The average of clustering coefficients over all nodes in a network is the clustering coefficient of the network. The distribution of the average clustering coefficients, C(k), of all nodes of degree k in a network, is the clustering spectrum. The clustering coefficient and cumulative clustering coefficient distributions of TRN and MTRN are shown in Figure 3 , respectively. Both distribution curves shape of TRN and MTRN are more similar then the random subnet. The MTRN shows the same highly heterogeneous clustering coefficient distribution found for TRN, although the number of nodes and links included in them is very different. 
Conclusion
We have constructed a more complete MTRN of E.coli by combining information from RegulonDB, GeneProtEC and GO database. A topological structure comparative analysis of TRN, MTRN and random subnet has been carried with the measures of degree, shortest path betweenness and clustering coefficient. This analysis obtained some interesting observations. All of the three measure distributions associated to the projected networks of MTRN are quite similar to those corresponding to TRN. However, when the same measurements were carried out on random subnet extracted from TRN, we observed that the distribution curves are different to those of the corresponding TRN and MTRN. In all the above discussed results, we have seen that MTRN and TRN have very similar topological structure, despite their nodes' and links' number are very different. In addition, MTRN should provide important insights by linking effector metabolites and regulatory elements. Future comparisons between network topologies for different function module of MTRN should further enhance our understanding of regulatory network organisation.
